Chronic low back pain (cLBP) is associated with wide-spread brain function and structural changes. This study aims to investigate the resting state functional connectivity (rsFC) changes of visual networks in cLBP patients and the feasibility of distinguishing cLBP patients from healthy controls using machine learning methods. cLBP (n=90) and control individuals (n=74) were enrolled and underwent resting-state BOLD fMRI scans. Primary, dorsal, and ventral visual networks derived from independent component analysis were used as regions of interest to compare the resting state functional connectivity changes between the cLBP patients and healthy controls. We then applied a support vector machine classifier to distinguish the cLBP patients and control individuals. These results were further verified in a new cohort of subjects. We found that the functional connectivity between the primary visual network and the somatosensory & motor areas and MCC/ACC area were significantly enhanced in cLBP patients. The rsFC between the primary visual network and S1 was negatively associated with duration of cLBP. In addition, we found that the rsFC of the visual network could achieve a classification accuracy of 79.3% in distinguishing cLBP patients from HCs, and these results were further validated in an independent cohort of subjects (accuracy = 67.6%). Our results demonstrate significant changes in the rsFC of the visual networks in cLBP patients. We speculate these alternations may represent an adaptation/self-adjustment mechanism and cross-model interaction between the visual, somatosensory, motor, attention, and salient networks in response to persistent cLBP. Elucidating the role of the visual networks in cLBP may shed light on the pathophysiology and development of chronic low back pain.
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Introduction
Chronic low back pain (cLBP) is a serious social and economic problem (Hoy et al., 2010; Smith et al., 2013 ) that significantly and negatively impacts the lives and work abilities of the individuals who suffer from it (Oberlinner et al., 2015; Yang et al., 2016) . Although the pathophysiological mechanisms underlying chronic low back pain remain unclear, studies suggest that compared with healthy controls, cLBP patients show structural and functional changes of the sensory-motor system (Kong et al., 2013; Wasan et al., 2011) , attention network (Letzen and Robinson, 2017; Mao et al., 2014) , default mode network (Baliki et al., 2008; Goossens et al., 2018; Letzen and Robinson, 2017; Longo et al., 2009; VachonPresseau et al., 2016) , reward system (Baliki et al., 2008; Hashmi et al., 2013) , and pain modulation networks, such as the descending pain modulation system (Yu et al., 2014 ).
These findings demonstrate that cLBP is associated with widespread brain network changes due to persistent back pain.
The literature suggests that pain is an extremely complex experience that demands the recruitment of many central nervous system components (Peyron et al., 2000) . Brain imaging studies have found that brain regions including the insula, anterior cingulate cortex, secondary somatosensory cortex, primary somatosensory cortex, prefrontal cortex, and thalamus are repeatedly activated during experimental pain stimulation (Iannetti and Mouraux, 2010; Kong et al., 2010; Melzack, 2001) and thus have termed these regions the "pain matrix" (Melzack, 2005) .
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Further studies suggest that the so called "pain matrix" may not represent a neural mechanism uniquely involved in nociception, but rather may act as a defense system that informs the body of potentially damaging events and is involved in "detecting, orienting attention towards, and reacting to the occurrence of salient sensory events" (Legrain et al., 2011; Mouraux et al., 2011) . More recently, investigators have suggested that pain perception may represent a continuum of aversive behavior dictated by emotional learning and the physical proximity of the perceived source of danger. Brain regions in the limbic system may play an important role in pain, particularly the chronic pain experience (Baliki and Apkarian, 2015) .
Interestingly, studies have found that some brain regions that are not part of the typical "pain matrix," limbic system, and salient network may also be involved in the central processing of pain signals. For instance, the pain "signature" for experimental pain developed by Wager and colleagues includes brain regions belonging to the visual system, such as the occipital lobe and fusiform gyrus (Wager et al., 2013) . Studies from both our group (Kong et al., 2010) and others (Matsuo et al., 2017) found that heat pain stimulation can produce significant fMRI signal decreases at occipital cortices.
In addition to experimental pain, studies have also discovered the involvement of brain regions associated with the visual system in the pathophysiology of chronic pain. For instance, in a previous study that employed vector machine analysis, investigators found that brain gray matter density in the visual cortex and temporal lobe was also useful in the discrimination of cLBP patients from healthy controls (Ung et al., 2014) . In addition, studies have found brain functional changes in vision-related brain regions in knee osteoarthritis
ACCEPTED MANUSCRIPT
A C C E P T E D M A N U S C R I P T , postherpetic neuralgia (Cao et al., 2018) , migraine patients (Liu et al., 2015) , and fibromyalgia (Pujol et al., 2014) .
Although studies have repeatedly demonstrated the involvement of vision-related brain regions in both experimental and endogenous pain, its role in pain processing remains unclear. Studies suggest that vision is an important part of the selective attention process (Fox et al., 2005a; Fox et al., 2005b; Kawashima et al., 1995) . In addition, vision may participate in the integration of brain function in chronic pain through the cross-modal integration of the central nervous system (Haggard et al., 2013; Kong et al., 2009; Pomper et al., 2013) , i.e., interactions between two or more different sensory modalities in which one sensory modality is shown to influence the perception, behavioral responses, or neural processing of a stimulus presented in another sensory modality (Bavelier and Neville, 2002; Cavanna and Trimble, 2006; Spence, 2011) .
Recently, both resting state fMRI and machine learning have been widely used to study chronic pain. Resting state fMRI allows us to investigate the pathophysiological mechanisms of chronic pain at a network level (Fransson, 2005) , while machine learning gives us the capability to identify brain signatures of patients and make accurate classifications (Arbabshirani et al., 2017) .
Previous studies have identified three vision-related networks: (1) the primary visual network, which is specialized for processing information about static and moving objects, (2) the dorsal stream, which is associated with spatial awareness and guidance of actions, and (3) the
ventral stream, which is associated with object recognition (James et al., 2003; Nassi and Callaway, 2009) . Thus, in this study, we systemically investigated the resting state functional connectivity of the visual networks (the primary, dorsal, and ventral visual networks) in cLBP patients as compared to healthy controls. In addition, we applied machine learning methods to discriminate cLBP patients from healthy controls and tested the accuracy of this method in an independent cohort of cLBP subjects. We hypothesized that cLBP patients would have altered visual network rsFC, which in turn would be associated with the duration of chronic back pain.
Materials and Methods

Participants
We recruited two cohorts of cLBP patients and controls for this study. The first cohort was a large group of cLBP patients and age-and sex-matched healthy controls, which included 90 cLBP patients between 22 and 50 years of age and 70 healthy controls matched for age and gender. Cohort two, which was used for validation of machine learning results obtained from cohort one, included 18 cLBP patients and 18 healthy controls matched for age and gender.
The demographic data and pain-related parameters for cLBP and HC are presented in Table   1 . The study was approved by the Institutional Review Board at Massachusetts General Hospital, and all subjects signed informed consent forms.
All eligible participants were required to meet the following inclusion/exclusion criteria. History of substance abuse or dependence.
The Visual Analog Scale (0-1) and Brief Pain Inventory (BPI) was used to assess the severity of the pain (the sensory dimension) and the impact of the pain on daily feelings and activities (the reactive dimension) in the preceding week (Cleeland and Ryan, 1994) . The Beck
Depression Inventory (BDI-II) was self-administered to cLBP patients to assess depression symptoms (Beck et al., 1996) .
MRI data acquisition
The fMRI brain imaging data from the first cohort was acquired with a 3T Siemens wholebody scanner using a 32-channel radio-frequency head coil at the Martinos Center for Biomedical Imaging. T2*-weighted functional images encompassing the whole brain were acquired with the gradient-echo EPI sequence (echo time: 30 ms, repetition time: 3,000 ms, flip angle: 90º, slice thickness: 2.6 mm, 44 slices, voxel size: 2.62×2.62×3.12 mm3, field of view: 220×220 mm2, matrix: 84×84 mm2, slice orientation: axial, order of slice accession:
interleaved). During the 6-minute resting state fMRI scan, subjects were asked to keep their eyes open and blink normally. High-resolution brain structural images were also acquired with a T1-weighted three-dimensional multi-echo magnetization-prepared rapid gradient-echo
(MPRAGE) sequence (repetition time: 2,530 ms, echo time: 1.69 ms, slice thickness 1 mm, flip angle: 7º, 176 sagittal slices covering the whole brain, voxel size: 1×1×1 mm3, field of view: 256×256 mm2, matrix: 256×256 mm2, inversion time: 1100 ms).
The second cohort of participants were scanned using the similar parameters as a previous experiment (Kong et al. 2013 ) with a different MRI scanner. RS-fMRI parameters were: 
Resting-state fMRI preprocessing
Functional data were preprocessed using SPM12 (Statistical Parametric Mapping. Wellcome Department of Cognitive Neurology, London, UK; implemented by MATLAB R2015b, Math Works, Inc., Natick, MA, USA). The preprocessing, including removing the first 5-time points, realignment, slice timing, outlier detection, functional normalization, structural segmentation and normalization, were used in normalizing images to the standard Montreal Neurological Institute (MNI) template. Images were also smoothed using a 4 mm full-width at halfmaximum (FWHM) Gaussian kernel, filtered with a frequency window of 0.008-0.09 Hz.
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Subsequently, the brain was segmented into gray matter, white matter, and cerebrospinal fluid (CSF) for the removal of temporal confounding factors (white matter and CSF).
Motion-related analyses
The artifact detection toolbox (http://www.nitrc.org/projects/artifact_detect/) was applied to detect motion during the resting state fMRI scan. Time points in subjects' images were marked as outliers if the global signal exceeded three standard deviations from the mean or if the scan-to-scan motion exceeded 0.5 mm deviation.
We compared the group level head motion between cLBP and HCs. To express instantaneous head motion as a scalar quantity, we use the framewise displacement (FD) as: To explore the potential effects of head motion in discriminating cLBP patients from HCs, we compared mean FD between these two groups and did not observe a significant difference (cLBP: 0.10 ± 0.05; HC: 0.09 ± 0.05; p = 0.22, two sample t test).
Seed based functional connectivity analysis
Resting-state functional connectivity analysis was conducted using the CONN toolbox v17.g (http://www.nitrc.org/projects/conn; (Whitfield-Gabrieli and Nieto-Castanon, 2012). The visual network seeds used were the primary visual network (center coordinates: 2, -79, 12), dorsal
visual network (L, center coordinates: -37, -79, 10; R, center coordinates: 38, -72, 13), and ventral visual network (central coordinates: 0, -93, 4) ( Figure 1a ). All coordinates of seeds were provided by CONN toolbox and were originally derived from ICA analyses based on the Human Connectome Project (HCP) dataset of 497 subjects. Using publicly available ROIs benefits the external validations of our findings from other groups and minimizes the potential bias when manually selecting independent components from ICA analysis with our own dataset.
Functional connectivity measures were computed between a seed region of interest (ROI) and every other voxel in the brain; nuisance covariates (white matter, cerebro-spinal fluid, and six motion parameters) were also included in the data analysis. In the calculations, we first extracted the residual BOLD time course from a given seed and then estimated its first-level correlation maps by computing Pearson's correlation coefficients between that time course and the time courses of all other voxels in the brain. Correlation coefficients were transformed into Fisher's Z-scores to increase normality and allow for improved second-level General Linear Model analyses. Visual network seed-to-voxel functional connectivity was estimated for each subject. Between-group analyses were performed to compare rsFC changes using two sample t-tests with age and gender included in the model as covariates. Thresholds of voxelwise p < 0.001 uncorrected and cluster-level p < 0.05 family-wise error corrected were applied.
Classify LBP and HCs
All discriminative FCs obtained in the seed-based functional connectivity analysis were used
for distinguishing cLBP patients from HCs. Machine learning models were trained using a support vector machine (SVM) classifier and based on LIBSVM (Chang and Lin, 2011) . To quantify the performance, classification accuracy, sensitivity, and specificity were calculated.
The sensitivity and specificity represent the proportion of patients and HCs correctly classified. To further assess the performance of the classifier and evaluate the significance of classification accuracy, we ran permutation testing. In each testing, we randomly permuted the class labels of the data prior to training. 5-fold CV was then performed on the permuted dataset and the procedure was repeated 10,000 times. If the classifier trained on real class labels had an accuracy exceeding the 95% confidence interval generated from the accuracies of the classifiers trained on randomly relabeled class labels, this classifier was considered to be well-performing (Gu et al., 2018; Noirhomme et al., 2014) .
To evaluate the generalizability of the classifier, we applied the trained classifier to an independent cohort of cLBP patients and HCs scanned in a different MRI machine but processed with the same pipeline. We extracted the identified FCs and used the classifier to discriminate cLBP patients from HCs.
Results
Demographic and Clinical Scales
90 cLBP patients and 74 HC subjects from cohort one were included in data analysis. There were no significant differences in age (t (162) =1.472 p=.14) and gender (2(1, N=195) =.11 p=.75) between the two groups. The average LBP intensity measured the week prior was
5.40 ± 1.87 for cLBP patients. The Beck Depression Inventory (BDI) showed very low mean values; the average depression score was 6.12 ± 6.0, less than mild depression (score ≥14)
as defined by the BDI manual.
Functional connectivity analysis results
Whole brain rsFC analysis showed that when using the primary visual network as seed, cLBP patients showed significant rsFC increases at the right postcentral (S1) and precentral gyri (M1) and rsFC decreases at the left angular gyrus/ lateral occipital cortex.
Using the left dorsal visual network as a seed, we found significantly increased activity in When using the right dorsal visual network as a seed, the right inferior frontal gyrus and bilateral precuneus exhibited increased activity. No significant cluster decreases were found.
When the ventral visual network was used as a seed, no significant brain regions were detected for both the HC>cLBP and cLBP>HC contrasts. Results of the functional connectivity contrast map and coordinates are shown in Figure 1 and listed in Table 2 .
Due to the important role of the S1 in chronic low back pain processing (Kong et al., 2013) , we extracted the z value of the functional connectivity between the primary visual network seed and S1. We performed a correlation analysis between the rsFC of the primary visual
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system and S1, and pain duration and average intensity in the past week, adjusted for age, gender, and head motion. We found a significant association between cLBP duration and the rsFC of the primary visual network with S1 (r = -0.24, p = 0.05 after FDR p-value correction, Figure 2 ).
Classification results
The classification accuracy for discriminating cLBP patients from HCs was 79.3% (p< 0.001; sensitivity: 83.3%, specificity: 74.3%) in the first cohort of subjects. The classifier achieved an accuracy of 66.7% (p= 0.008; sensitivity: 72.2%, specificity: 61.1%) in discriminating cohort 2, the independent dataset.
Discussion
In this study, we compared the resting state functional connectivity of the visual network between cLBP patients and healthy controls. We found that the functional connectivity of the primary visual network with the somatosensory & motor area and MCC/ACC area was significantly enhanced in cLBP patients. Primary visual network-S1 rsFC was negatively associated with duration of low back pain. In addition, using machine learning methods, we found that the rsFC of the visual network could achieve a classification accuracy of 79.3% in discriminating cLBP patients from HCs. These results were further validated in an independent cohort of subjects and achieved an accuracy of 67.6%. Our results suggest that the visual network may be involved in the central pathophysiology of chronic low back pain.
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In this study, we investigated rsFC of three visual networks (Milner and Goodale, 2006) in patients with chronic pain. The primary visual network is mainly located at visual area 1 (V1).
The dorsal visual network area is adjacent to the parietal lobe in the dorsal stream, which stretches from V1 into the parietal lobe. The ventral visual network area is adjacent to the temporal area in the ventral stream, which runs downward from V1 into the anterior inferotemporal lobule (Kravitz et al., 2013; Siegel et al., 2008) . Based on the previous studies, the primary visual network is specialized for processing information about static and moving objects, the dorsal stream is associated with spatial awareness and guidance of actions, and the ventral stream is associated with object recognition (James et al., 2003; Nassi and Callaway, 2009 ).
We found increased rsFC between the primary visual cortex and primary somatosensory cortex in cLBP patients compared to healthy controls. This result is partly consistent with a previous study in which Pujol and colleagues found that altered functional connectivity extended beyond the somatosensory domain and implicated visual and auditory sensory modalities in fibromyalgia patients (Pujol et al., 2014) . We speculate that this increase may be due to an adaptive neural remodeling in the brain following repeated pain stimulation (Seminowicz et al., 2011) through a cross-modal mechanism (Filbrich et al., 2017; Senkowski et al., 2014) . Specifically, pain sensation is generally accompanied with other sensory inputs, including vision (Pomper et al., 2013) , audition and olfaction (Perkins et al., 2016) , which may consequently interfere with each other. The visual system is involved in the detection of potentially meaningful stimuli for the body. These visual stimuli can enhance the saliency of painful input, leading to increased pain experience. For instance, watching a
needle pricking another person's hand enhances pain perception and anticipatory pupil dilation responses in the viewer (Hofle et al., 2012) .
In addition, visual distraction can increase pain tolerance by diverting one's attention away from pain, thereby reducing its perceived strength (Gu and Han, 2007; Harvie et al., 2015; Maltzman, 1988) . Viewing pleasant pictures (Godinho et al., 2008) or viewing one's own body has also been shown to reduce pain perception (Longo et al., 2009 ). This pain-relieving strategy has been applied in clinics during a variety of potentially painful operative procedures (Carwile et al., 2014; Xiaolian et al., 2015) .
The dorsal visual pathway perceives salient visual features (Olague et al., 2014; Zheng et al., 2013) and can enhance visual attention, which may be mediated by the prefrontal and parietal cortices (Corbetta, 1998; Kastner and Ungerleider, 2000) . The intrinsically defined dorsal attention system extends from V1 beyond the intraparietal sulcus and frontal eye field and includes the midline SMA/pre-SMA region (Fox et al., 2006; Vossel et al., 2014) . Attention counts as a basic cognitive capacity in integrating information in the multisensory mind (Bekrater-Bodmann et al., 2014) . Noxious stimuli can capture our attention through the salience network, including the anterior cingulate cortex (Buffington et al., 2005; Li et al., 2009 ) and the orbital frontoinsular cortices (Seeley et al., 2007) . We found that the dorsal visual network was significantly connected with the MCC/ACC, a region that implements a domain-general process that is integral to negative affect, pain, and cognitive control (Shackman et al., 2011) . We speculate that the visuospatial attention from the dorsal stream and signal of pain perception integrated into the MCC/ACC may enhance avoidance learning
for events associated with negative outcomes, which may represent an adaptive pain coping strategy.
We found increased reciprocal connections between the primary visual cortex and motor cortex (M1) (Rizzolatti and Luppino, 2001 ). This finding may reflect the preparation of a defense response. Because of the increased impact of avoidance behavior, low back pain patients need to pay attention to position adjustment with the aid of their visual system (Mok et al., 2004; Salavati et al., 2016) . We also detected an increased interregional synchronization between the dorsal visual system, precuneus, and IFG. Recent literature suggests that the precuneus is involved in directing attention in space when making or preparing movements (Cavanna and Trimble, 2006; Margulies et al., 2009 ). The right inferior frontal gyrus (rIFG) activates when stopping incipient action (Bartoli et al., 2018) . Taken together, the increased connectivity provides further support that the visual network is involved in avoidance behavior and position adjustment in cLBP patients.
We did not find significant functional connectivity differences in the ventral visual network, which is primarily responsible for the processing of memory and learning of visual information.
In contrast to the dorsal pathway's involvement in somatosensation, spatial attention, and visually-guided action, the ventral pathway is focused on object vision, such as shape, color, and texture (Kravitz et al., 2013) . This finding further endorses our hypothesis that visual system changes in cLBP patients may reflect an automatic self-adaptation process through attention and movement adjustment.
To further demonstrate the role of the visual system in the pathophysiology of cLBP, we also applied multivariate pattern analysis (MVPA) to distinguish cLBP patients from healthy controls based on visual system functional connectivity changes. MVPA is a sensitive machine learning approach (e.g., general linear model (Haxby, 2012) ) that has been used to explore neurophysiology in migraine (Chong et al., 2017) , chronic low back pain (Ung et al., 2014) , and fibromyalgia . We found that functional connectivity changes among the visual, sensory, motor, salience, and attention networks can distinguish cLBP patients from healthy controls with an accuracy rate of 79.3%. Most importantly, these changes were further validated in an independent cohort of subjects. Our results are consistent with a previous report in which the authors found that the visual system can be used to distinguish cLBP patients from healthy controls (Ung et al., 2014) . These findings provide further support for the involvement of the visual system in the pathophysiology of cLBP.
There are several limitations to this study. Although we found that the rsFC between the visual network and the sensory area are increased in patients with back pain, we cannot determine the nature of local activity changes (e.g., increase vs. decrease in neuronal activity) in these regions. In addition, we do not know whether the visual network connectivity changes observed in cLBP patients can extend to other chronic pain disorders. Abnormalities of activity and connectivity in the visual system have been reported in other chronic pain disorders such as knee OA and migraine (Liu et al., 2015) . Future studies directly comparing visual network rsFC changes across different chronic pain disorders are needed. Finally, we only measured the BDI for cLBP patients, as most of the healthy controls did not have a BDI score. Thus, we were not able to include the BDI score or other measures
of emotional distress in data analysis. However, because the average BDI score in our study is quite low (with an average score of 6.12 ± 6.0), less than mild depression (score ≥ 14) as defined by the BDI manual, we believe it is unlikely that depressive symptoms may have confounded the group comparison. Future studies are needed to replicate our findings.
In summary, we found significant rsFC alteration of the visual networks in cLBP patients, and these visual networks allowed us to distinguish cLBP from healthy controls. Our findings suggest that functional connectivity alteration in chronic low back pain patients is beyond the somatosensory, limbic, and salient domains and implicated visual sensory modalities. We speculate that these changes may represent an adaptation mechanism of the visual, somatosensory, motor, attention, salient and default mode networks to persistent low back pain. Elucidating the role of the visual network in cLBP may shed light on the pathophysiology and development of chronic low back pain.
A C C E P T E D M A N U S C R I P T Ethical statement
Disclosure of potential conflicts of interest J.K. has a disclosure to report (holding equity in a startup company (MNT) and pending patents to develop new neuromodulation tools) but declares no conflict of interest. All other authors declare no conflict of interest.
Research involving Human Participants and/or Animals
The study was approved by the Institutional Review Board at Massachusetts General Hospital.
Informed consent
All participants signed consent forms.
Funding
Jian Kong is supported by R01 AT008563, R21AT008707, and R33AT009310 from NIH/NCCIH. A C C E P T E D M A N U S C R I P T Figure 2 . The rsFC changes are related to behavioral data in cLBP groups. We extracted the z value of functional connectivity from primary visual network seed-S1 and performed a correlation analysis between the rsFC and behavioral data and adjusted for age, gender, and head motion (P < 0.05, FDR corrected). Pain duration was negatively associated with functional connectivity between the primary visual seed and S1 (r=-0.24, p = 0.05) in the cLBP subjects. Brain area abbreviation: primary visual network Pvn. of functional connectivity between the primary visual network seed and S1, and we performed a correlation analysis between the rsFC and behavioral data and adjusted for age, gender, and head motion (P < 0.05, FDR corrected). Pain duration was negatively associated with functional connectivity between the primary visual seed and S1 (r=-0.24, p = 0.05) in the cLBP subjects. Brain area abbreviation: primary visual network Pvn.
Highlights:
 We investigated rsFC changes of visual networks in cLBP patients.
 rsFC of the primary visual network with S1, M1, and MCC/ACC increased in cLBP patients.
 rsFC of the visual networks can differentiate cLBP patients from controls (with 79.3% accuracy).
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A C C E P T E D M A N U S C R I P T  Classification results can be validated in an independent cohort (with 67.6% accuracy).
